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ABSTRACT. Chinese Spelling Correction (CSC) is used to detect and correct spelling er-
rors in Chinese sentences automatically. It not only improves the readability and fluency
of Chinese text but also avoids the interference of misspelled text on downstream tasks
of Natural Language Processing (NLP). Many recent works have achieved significant re-
sults with the help of pre-trained language models represented by BERT and using data
augmentation, external knowledge components, and other methods. However, for recently
emerged open-source Large Language Models (LLMs), the training cost required for these
advanced methods is not acceptable for individuals and small-scale laboratories. How to
effectively train CSC tasks on an open-source LLM remains to be explored, which is be-
coming increasingly important as LLMs flourish. In this study, we offer a new universal
training framework for CSC, called CSCLoRA, which allows low-cost training on publicly
available LLMs. We improved the lightweight fine-tuning method Low-Rank Adaptation
of LLMs (LoRA) to learn richer semantic knowledge from multiple low-dimensional rep-
resentations, and only generated teacher representations required by each layer of the
LLM from target texts of parallel corpus. These are automated methods that avoid data
augmentation and external knowledge components relying on expert knowledge. Experi-
ments show that our method requires comparable training costs to the original LoRA, but
achieves state-of-the-art performance in open-domain and medical verticals.
Keywords: Lightweight fine-tuning, Chinese spelling correction, Contrastive learning,
LoRA, CSCLoRA, Natural language processing

1. Introduction. With the proliferation of the Internet and multimedia technologies,
Chinese spelling errors caused by keyboard inputs, Automatic Speech Recognition (ASR),
or Optical Character Recognition (OCR), have become the prevalent form of common
mistakes. These errors diminish the readers’ experience and increase the difficulty of ac-
complishing downstream tasks in NLP, including emotion recognition, entity extraction,
search sorting, and automatic dialogue. Chinese Spelling Correction (CSC), which seeks
to find and fix spelling mistakes in texts written in Chinese, has become prevalent in In-
ternet text systems and is also a crucial preprocessing step for many NLP tasks [1, 2, 3].

Unlike English, Chinese is a logographic script [4], making it highly likely that there is a
proximity in both pronunciation and visual form between most misspelled characters and
their corresponding correct characters. According to [5], approximately 83% of misspelled
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characters are similar in pronunciation to the correct word, and 48% of misspelled char-
acters have a visual similarity to the correct word. Humans can associate these characters
with possible correct characters through association, while pre-trained language models
lack the necessary training. Table 1 illustrates two examples.

TABLE 1. Two examples of misspellings caused by phonetic or visual sim-
ilarities. The related correct character is indicated in bold, and the wrong
character is indicated in italics. Chinese pinyin is shown in parentheses.

Input | FGERIRE, 1ZRELLGRANER D AF (via) 2T .
. Target |AERIEF, WHELFUAER ST (xia)ZE .
Phonological
. |I woke up early and after breakfast took the bus to the coun-
Translation :
tryside.
Tnput | TRIXAJA R (wei B2, TRTe?
Visual Target | FRIXANE K (mo) H 2, FRWE?
Translation |I'm free this weekend. How about you?

Much of the work begins by assessing the significance of characters and consolidating
this information by confusing sets, related character sets, or artificially corrected datasets
generated by rules [6, 7], or incorporating supplementary components to provide the
model with visual and auditory data [8, 9]. These techniques can enhance the model’s
ability to accurately predict the likelihood of characters resembling the flawed character,
consequently improving the model’s performance on a larger scale. However, such methods
depend on specialized expertise and may prove insufficiently comprehensive, or simply
serve as a dataset optimization technique without adequate generalization.

We also find new problems when these methods are applied to large models. Larger
and larger pre-trained language models perform exceptionally well across a variety of
tasks but also face high adaptation costs in the case of full parameter fine-tuning. Data
augmentation, external knowledge components, etc. used in advanced methods to im-
prove performance further add to the cost. Meanwhile, large models have been adequate-
ly trained on a sufficient amount of data, so the pseudo-data generated by rule-based
data augmentation, or the plug-in knowledge components with low semantic expressive-
ness have less effect on improving the semantic understanding of the model, and even
sometimes are harmful.

For a given downstream task, it is not appropriate to fine-tune all the parameters of an
LLM and generate corresponding instances of the same size as the original state-of-the-
art methodology which further increases the training cost. To overcome this obstacle, a
branch of research known as parameter-efficient fine-tuning has been actively developed
and explored [10, 11, 12]. Tt is shown that optimizing only a small fraction of the param-
eters and keeping the pre-training model frozen can yield results that are on par with full
parameter fine-tuning on many tasks.

However, existing methods for effective fine-tuning of parameters are still being explored
and have mainly investigated generic frameworks. In the current paradigm, one can apply
these methods to any NLP task. On the other hand, the parameter update of these fine-
tuning methods still only computes the loss in the predictive layer of the model, and the
existing LLMs with 40 layers (most of the open-source models with a parametric number
of 13b) face a higher risk of overfitting compared to the models represented by BERT-base
with only 12 layers. More research is needed on how to better train lightweight for specific
downstream tasks and ensure reliable performance while reducing training costs.
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These investigations have demonstrated the ability of deep language models to encode
a broad range of syntactic and semantic data [13, 14, 15], and the model’s upper layers
depict progressively complex structures in a hierarchical manner [16, 17]. In the CSC
task, which relies on the model’s semantic understanding, the more correctly the multiple
structural relationships of the semantics are characterized, the higher the error correction
performance of the model will be. If we can give more guidance to the intermediate
features of the LLM, the more likely the LLM will acquire the abstractions that, in our
gut feeling, are essential for representing human language, rather than just modeling
complex co-occurrence statistics on labels.

Our approach has three advantages. First, our approach generates teacher representa-
tions layer by layer, thus giving more accurate guidance to each layer of the model during
training and avoiding the risk of overfitting caused by too many layers. Second, we make
full use of the rich semantic knowledge embedded in the big model to generate guiding fea-
tures by feeding the target text into the model instead of manually designing the dataset
or components with the help of expert rules, which leads to better generalization of the
error correction model. Third, our method is simple to implement and train. The inter-
mediate layer features selected for training are rank vectors, whose dimensions are much
smaller than the predictive layer representations, and the explicit memory occupancy of
our method is comparable to that of the original LoRA method, whereas the adapter
can be directly summed up with the corresponding matrices during inference, and the
inference cost is consistent with that of the original model.

The remainder of this article is organized as follows. The next section reviews the
relevant literature, and then the third section describes the algorithm design. Section 4 is
devoted to presenting and discussing the experimental results. The last section summarizes
the entire research work and suggests potential directions for future research.

2. Related Work.

LLM. The design of the Transformer originates from the seminal paper by Vaswani
et al. [18]. Its excellent multi-head self-attention module and residual mechanism allow
language models to achieve higher dimensions and deeper layers. As it has evolved over
the years, the Transformer model has been commonly used in various domains and has
achieved superior performance on downstream tasks such as sentiment analysis [19], trans-
lation [20], text error correction [21], and intelligent question answering [22].

With the introduction of OpenAl’s model represented by ChatGPT [23], LLMs based
on the Transformers structure have received great attention. These LLMs present per-
formance in knowledge integration, fluent dialog, and logical reasoning that far exceeds
the performance of previous language models represented by BERT. [24, 25] discuss their
features, respectively.

In the beginning, only internal OpenAl employees or collaborators were able to partic-
ipate in the development and debugging of GPT models. As research progressed, along
with the development of private LLMs, academics and non-profit organizations worked on
developing open-source alternatives such as LLAMA [26], Bloom [27], OPT [28], Baichuan
[29], and BELLE [30]. Many of these open-source LLMs have only 13 billion or even few-
er parameter counts and can run even on moderately powerful personal computers with
performance close to GPT3 or even GPT3.5. This has allowed some small labs and even
individuals to optimize open-source LLMs for better performance or to migrate to needed
downstream tasks.

Chinese Spelling Correction. Most contemporary SOTA CSC algorithms treat the
correction task as a sequence tagging task, where the correction module chooses the
character that the associated token should be converted to. The disadvantage of this
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strategy is that, when it comes to model inference, it considers incorrect and correct
characters equally. Because of this, the model can be readily tricked by spelling characters
incorrectly because it simply forecasts, based on context, which characters should be used
for each slot.

To solve this problem, [31] used two BERT models as a detector and a corrector,
where the detector identifies potentially incorrect locations and the corrector predicts
only the correct characters in those masked locations. This approach, while avoiding the
noise effect of misspelled characters by masking and making the error correction process
close to the masking prediction task in the pre-training of BERT models, leads to a new
problem: There is a visual or auditory similarity between the vast majority of misspelled
characters and their correct counterparts, and direct masking will make correction process
more difficult or even impossible.

With the emergence of language models such as BERT, the ability of neural networks
to characterize deep semantics has improved dramatically, making it mainstream to use
information about misspellings directly or indirectly to aid in model inference for error
correction. SpellGCN feeds visual and phonological similarity information into the BERT
model via an extra graph convolutional network [32]. Another notable effort is [33], which
models character similarity for correction using morphological and phonetic knowledge.
Similarly, [34] introduces global attention in the decoder to learn potential correlations
between correctly entered and incorrect characters. Similarly, [35] designs a dynamic con-
nectivity network to model the dependencies between neighboring characters and corrects
the misspellings from contextual representations. Recently, some techniques have incor-
porated additional knowledge with the help of a confusion set (a collection of similar
Chinese characters) or data augmentation of error-correcting datasets by rules [8, 9, 36].
These approaches allow the model to learn the correct expression that associates the
corresponding error form and reduce the semantic perturbation caused by the erroneous
characters.

Despite the success of these methods on models represented by BERT-base, additional
components or augmented data will lead to increased training costs, making their appli-
cation on LLMs expensive.

3. Approach.

3.1. Background.

Transformers. The model structure of an LLM is in the form of a decoder-only trans-
former. Multiple decoder layers and an embedded input layer make up the LLM model.
Every layer of the decoder has a self-attentive module. The input characteristics are
mapped to a collection of queries, keys, and values (referred to as ¢, k, v) via a linear
projection layer that incorporates a weight matrix W,, Wy, W,,. For the given ¢, k, v, the
self-attention module is computed as

z = softmazx (ﬁ) v
Vi

where z is the representation weighted by self-attention and d; denotes the representation
dimension. After that, a linear layer with a weight matrix W, projects the output.
Low-Rank Adaptation. Neural networks usually contain a large number of fully
connected layers and perform matrix multiplication to accomplish forward propagation.
The parameter matrices in these fully connected layers are often full-ranked, and [12]
argues that pre-trained language models tend to have a low “intrinsic dimensionality”
in their parameters, which maintains excellent learning ability even when the parameter
matrices to be optimized are mapped into a small subspace. With this in mind, the authors
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would like to optimize only the low-rank part of the parameter matrix, and represent
the optimization process of the original matrix as an optimization process of a low-rank
matrix:

Wo+ AW =Wy + BA
where B € R>*" A € R™*. And the rank

r < min(d, k).
In this way, we can represent the forward propagation process in the following form:
h=Wyr + AWx = Wyx + BAx = Wyx + Bh,

where A and B are low-dimensional matrices, and h, is the intermediate representation
after compression. By using such a transformation, the parameter scale to be optimized
changes from the original parameter scale to that of a low-dimensional matrix, greatly
reducing the number of parameters. The whole process is shown in Figure 1: In the LLM’s
training, LoRA generally adjusts only the attentional weights (W,, Wy, W,, W,) and
freezes all other layers, including the MLP and the normalization layer. This approach
is simple and parametrically efficient. The performance of LoRA relies heavily on the
expressive power of h,, which has not been overly constrained in many previous studies,
leading to low model performance.

md xd
he ] We R
(freeze)
.
)

x| |

FiGURE 1. The core design of LoRA, with an adapter consisting of two
low-dimensional matrices on the left and a frozen linear layer on the right

3.2. Problem definition. The following process can be used to characterize the CSC
task. For a string of Chinese characters X = x1,x9,...,x,, detect and correct the spelling
errors present in it, and output a string of Chinese characters Y = y1, 4o, ..., y,, Where
X and Y are of equal length. We generally refer to X as the input text and Y as the
target text. Therefore, CSC tasks can be studied and processed as sequence labeling tasks.
Usually, the percentage of spelling errors in a sentence is small, and the input text and
target text are similar.

3.3. Pilot study. The process of fine-tuning an LLM is more challenging than that of
pre-training a model, such as the BERT-base. In Table 2, we first validate the need to
improve the fine-tuning methods of LLMs for CSC tasks. Even though the LLM can
show comparable ability on specific tasks when it is not fine-tuned, this does not mean
that the LLM is better than the BERT-base when fine-tuned on the same data. The
experimental results indicate that the enhancement of the LLM appears to be relatively
minor in comparison to BERT-base’s capacity to learn to correct Chinese spelling errors
with minimal guidance, which does not align with the substantial number of parameters
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TABLE 2. Performance of BERT-base and Baichuan on CSC tasks, where
Baichuan is an LLM. BERT can barely perform the error correction task
without training, while the LLM has some error correction capability to

begin with. However, after training BERT-base’s performance backs up to
the LLM.

Dataset Model Detection Correction
Prec. (%)|Rec. (%)|F1 (%)|Prec. (%)|Rec. (%)|F1 (%)
BERT (full FT) 73.7 78.2 75.9 70.9 75.2 73.0
Baichuan (w/o FT)| 88.7 | 59.1 | 710 | 225 | 133 | 16.7
Baichuan (FT) 59.0 88.6 | 70.8 76.2 67.5 71.6
Baichuan (LoRA) 70.4 87.8 78.2 68.1 76.9 72.3

SIGHAN15

and more comprehensive pre-training of the LLM. This stems from the mismatch between
the huge number of parameters of LLM and the amount of data for the downstream task,
as well as the problem of vanishing gradients due to the high number of model layers. It is
worth noting that the LLM performance of full-parameter fine-tuning did not significantly
outperform the LLM performance using the lightweight fine-tuning approach (LoRA),
which further illustrates that the traditional approach — updating all parameters of the
model based on the prediction layer loss alone — leads to a greater tendency to fall into
local minima in the optimization of the LLM, resulting in a model performance that does
not improve with the growth of the trainable parameters.

In Table 3 we compare the training costs of BERT and LLM. It can be seen that the
training time consumed by LLM after applying LoRA is comparable to that of BERT,
and the occupied GPU memory is within the acceptable range for small labs or individual
researchers. It is feasible and rewarding to explore adaptive methods based on LoRA that
are suitable for the CSC task and thus achieve higher performance on LLM at a cost
comparable to BERT training.

TABLE 3. Comparison of training costs between BERT and Baichuan for
CSC task. The batch size selected for training is 16, and the adapters se-
lected for LoRA add the objectives Wy and W,

Model Trainable Training time Memory
parameters (M) (h) utilization (Gb)
BERT (full FT) 102.6 51 0.3
Baichuan (full FT) 13284.6 152 283
Baichuan (LoRA) 19.7 60 43.1

3.4. Contrastive learning based on low-rank representations. Existing LoRA la-
cks guidance for low-rank representations, and the capability of the adapter greatly de-
pends on the semantic expressiveness of low-rank representations. When LLMs are mi-
grated for complex downstream tasks, the optimization of the adapter will be at great
risk. To solve this problem, we propose a contrastive learning method based on low-rank
representations, which adaptively generates positive samples of low-rank representations
from parallel data, and guides the adapter to learn the downstream complex tasks in a
deep and multi-dimensional way.

The specific design is shown in Figure 2, the left side is the inference process of each
module of the big model, the input characters are first converted to vector representation
by embedding layer, and then step-by-step inference is carried out through N layers of
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FiGure 2. Overview of CSCLoRA design. CSCLoRA introduces con-
trastive learning in the fine-tuning process. In addition to the original pre-
diction layer loss computation, CSCLoRA computes the loss on a layer-by-
layer basis with the corresponding low-rank representation of the teacher,
which is essential for the error correction task and takes up very little ad-
ditional GPU memory.

neural network layers with the same structure. LoRA training will freeze all the above
modules, and add trainable adapters on the multi-head self-attention layer. To generate
h for guiding the training, we also send the target text into the model for one-time
calculation instead of just being regarded as a label for calculating the prediction layer’s
loss. In this way, the model can generate teacher low-rank representations one-to-one for
the student model at each layer. Then ultimately the cross-entropy loss between these
representations is taken into account when calculating the loss for the gradient update. It
should be noted that teacher representations need to be generated only during training,
and our model structure is consistent with traditional LoRA, which means that like LoRA,
our method does not add any additional computational cost to the large model during
deployment and inference.

Attention-based Contrastive Learning. Specifically, we multidimensionally trans-
fer language knowledge from teacher representations to student representations by adding
LoRA adapters to all linear layers of the self-attention module. We add LoRA adapters to
all linear layers of the self-attention module, allowing for the multidimensional transfer of
linguistic knowledge from teacher representations to student representations. The linear
layers referred to here are W,, Wy, W, and W, in the self-attention module. In some
models, for computational efficiency, a Wyae, € R¥3? may be used instead of W, € R¥*?,
Wy, € R4 W, € R™? and the vectors calculated through Wpaek are re-segmented into
q, k, v.

Formally, let HT = {H{ H],... ,H}} be a set of teacher low-rank representations
from one of the above types of linear layers (e.g., Wpyaer ), and H® = {Hf, HS, ..., Hﬁ,} be
the student low-rank representations, where NV is the number of layers with self-attention
module in the LLM. Each HT (resp. H?) is from the i-th teacher (resp. student) attention
layer. Here, we compute the distance d¥ using cross-entropy as follows:

! !
d? = CE (His, HlT) = Z CE (hfj, hz;) = Z —softmazx (hg) - log_softmazx (hz;) (1)
p j=1
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where [ is the sequence length and hz;» (resp. hfj) denotes the j-th row of the low-rank
representation matrices from H} (resp. H?).

Lastly, we may define the objective function for contrastive learning based on attention
between H” and H® as

Lagtn = d (H%, HT) ZdH (2)
where N is the LLM’s total number of attention layers.

3.5. Masked alignment of parallel data. Although there are only substitution errors
in Chinese spelling correction, this does not mean that the input text and the target text
are of equal length during inference with LLMs. Unlike models such as BERT-base, which
treats each Chinese character as a single token, LLMs often use Byte Pair Encoding
(BPE) or Byte-level BPE (BBPE), where each token often represents a Chinese word.
Therefore, in contrastive learning, we encounter the problem of input and output texts
having different lengths after tokenization. As shown in Figure 3, the word ‘%&£ in the
target text is misspelled as 44", which is tokenized into ‘4’ and ‘“f’ by the tokenizer,
resulting in an extra token in the input text compared to the output text. If we directly
perform contrastive learning, the low-rank representations learned for some positions will
be incorrect, which will lead to a decrease in overall model performance.

target target

[pao | | %t |uuw | oF s [wm] - [ [0 | o [em| | see [0 [0 | 8 | iom) ) cos |
| ] ;
| I
: ]
| | [ e
|H|DA‘F|E?|1‘£H|!%§|:|ﬂﬂ|iﬁ|ﬂ!2E!ﬁ#j‘n sep|m|m|m|i&ﬁ|mm|eos|

input target
Prompt text text

F1GURE 3. The masking alignment mechanism. This process aligns each
token in the label segment sequentially for loss computation, filling the left
side with <PAD> tokens to ensure proper alignment.

To solve this problem, we designed a specialized masking alignment mechanism. The
input to the LLM is a string consisting of ‘prompt’, ‘input’, and ‘output’. The ‘prompt’
is a text prompt used to inform the LLM of the current specific task, i.e., the CSC task.
The ‘input’ is the text to be processed, which needs to be checked by the model to see if
there are any spelling errors and corrected, and this part is filled in the input text and
the target text, respectively, in the contrastive learning. The ‘output’ refers to the label,
which is the text that the LLM needs to generate. This part is only used as input during
training. The LLM predicts each token sequentially from front to back and calculates the
loss with respect to the label.

Similar to the loss computation in the prediction layer in the regular fine-tuning task,
we mask some of the low-rank representations in contrastive learning. We only compute
the contrastive loss in the ‘output’ part, which is filled with the target text, and the
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lengths of the tokenization results are aligned so that the correct representations generated
from the correct utterances can be learned one-to-one. To balance the lengths of the two
strings after tokenized so that they are aligned one-to-one in the ‘output’, we record the
difference in the lengths of the input text and the target text while the split is performed,
and perform appropriate padding when calculating the contrastive loss.

3.6. Training. In addition to learning from the middle layer features using contrastive
learning, we also learn from the target text labels. As with the regular LoRA method,
for the CSC task, the prediction loss can be defined as

Lpreqd = —softmaz (ZT) - log_softmax (ZP) (3)

where 2 denotes the probability distribution of the model output, and 27 is the one-hot
label transformed from the target text label.

When training the model, we combine multiple losses with different weights to form
the following overall objective:

L= (]- - a)Lpred + aLgtn (4)

where « is a hyperparameter set during training to balance the prediction loss and the
middle layer’s contrastive learning loss, thus improving the model performance in general.

4. Experimental Results. In this section, we will go over the specifics of the experiment
and the key conclusions. After that, we will discuss the adapter and do more study to
ensure our approach is sound.

4.1. Experiment setup.

Datasets. The SIGHAN dataset was derived from earlier work in [32, 37, 38|, and new
training data were obtained by manually annotating 10K SIGHAN samples [39, 40, 41],
as well as 271K samples from [42]. We evaluate the error correction performance with
the test set of the latest SIGHAN benchmark [41], as done in [31, 37, 38]. The set has
550 positive and negative samples, respectively, and contains 461 different types of errors.
Negative samples are data pairs for which no spelling errors occurred, i.e., samples with
the same input and output.

In addition, to verify whether we have the same state-of-the-art in the vertical do-
main, we also use MCSCSet [43] to check the algorithm performance. In contrast to the
open-domain CSC dataset, MCSCSet gathers a substantial amount of real-world medical
questions along with a large number of sentences that medical specialists have manually
categorized. The dataset contains 199877 pairs of sentences, each having an average length
of 10.9 characters. It is worth noting that many incorrect words in this dataset are not
common in the open domain, but rather connected to medical knowledge and vocabulary.

Evaluation Metrics. The CSC task uses precision, recall, and F1 scores to compre-
hensively evaluate the detection and correction performance of algorithms. The following
three types of evaluation algorithms dominate: character-level scores [32, 37, 42], sentence-
level scores [32, 37, 44], which are evaluated using the method of [44], and scores at the
phrase level assessed using SighanHan Tools, an open-source [33, 38]. Similar to the ma-
jority of earlier work, we use sentence-level scores to measure detection and correction
subtasks. We believe that the error correction task is only complete if all errors in the
text are corrected [44]. The specific meanings of the scores are as follows.

Sentence-level Precision: Among the source sentences that contain typos, this measures
how many have every single change made correctly.

Sentence-level Recall: Among the source sentences that contain typos, this measures
how many have all errors accurately corrected.
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F'1 Score: This is a harmonic mean of precision and recall, calculated as

Precision x Recall
Fl=2x Precision + Recall (%)
The F1 score provides a balance between precision and recall, penalizing models that are
overly precise at the expense of recall and vice versa.
Training Details. The open-source LLMs were fine-tuned with CSCLoRA to obtain
a calibrated model of comparable size to the corresponding open-source model. During
module training, we had a batch size of 16 and a learning rate of le-4. The maximum se-
quence length for all tasks was 256. Experiments were performed on an Nvidia A800 80GB
GPU, selecting the best-performing model on the development set. Since the dimension-
ality of the rank is much smaller than the dimensionality of the linear layer, CSCLoRA
requires very little additional GPU memory for contrastive learning. The overall GPU
memory footprint of CSCLoRA is comparable to that of LoRA with the same setup. The
training for the CSC task takes about 60 hours.

4.2. Baseline. We use the following baseline for comparison.

BERT [45]: BERT itself has semantic extraction capability. For the CSC task, pre-
dicted characters are output by adding an output layer.

Soft-Masked BERT [31]: The method uses a two-stage pipeline with two BERTs as
a detector and a corrector, respectively. Through a mechanism known as soft shielding,
the former and the latter are connected.

Spell GCN ([32]: This method incorporates visual and phonological similarity knowl-
edge into BERT using a customized graph.

PLOME [37]: This pretraining method combines phonological and visual features
based on phonic and graphic sequences using a model that shares Bert’s design.

MDCSpell [8]: The method creates a unique multitasking detector-corrector archi-
tecture in which the corrector records the phonetic and visual characteristics of every
character in the source sentence using BERT.

BERT-Corrector [46]: The strategy suggests using a character replacement technique
to identify more mistakes. Initially, the replacement approach is used to create the training
data. Then, adversarial training and adversarial data generation are applied to lessen the
impact of noise.

MedBERT-Corrector [43]: Work in the medical industry is handled by this work.
The encoder PCL-MedBERT!, a representative pre-trained medical language model, is
the only distinction between the model architecture and the previously reported BERT-
Corrector.

ABC-Fusion [36]: The authors propose an adapter-based approach for BERT-level
obfuscated set fusion. The method dynamically extracts the relevant knowledge with
the help of a lightweight adapter to semantically fuse BERT with the semantics of the
obfuscated characters at the semantic encoding stage.

Baichuan-13B [29]: Open source multilingual LLM with 13 billion parameters, trained
from scratch on 2.6 trillion tokens. The model is highly expressive for languages other than
English, especially Chinese.

Qwen-7B [47]: Qwen is a comprehensive family of language models, including differ-
ent models with varying numbers of parameters. It includes Qwen (the base pre-trained
language model) and Qwen-Chat (the chat model), which is fine-tuned using human align-
ment techniques. The base language model consistently shows excellent performance on
a wide range of downstream tasks.

thttps://code.ihub.org.cn /projects /1775
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TABLE 4. Experiments on F1 score, recall, and sentence-level precision

were conducted. The outcomes indicated by a * were determined by our
experiments.
Detection Correction

Dataset Model Proc. (%) Rec. (%)[F1 (%)|Prec. (%)[Rec. (%)[F1 (%)
BERT 65.6 68.1 66.8 63.1 65.5 64.3

Soft-Masked BERT* 63.7 63.2 63.5 56.7 56.2 56.4

MDCSpell 70.2 68.8 69.5 69.0 67.7 68.3

Spell GCN 65.1 69.5 67.2 63.1 67.2 65.3

SIGHANT4 PLOME* 67.4 71.5 69.4 65.3 69.3 67.2
ABC-Fusion 68.6 72.5 70.6 67.1 70.7 68.9

Qwen (CSCLoRA) 74.3 70.2 72.2 71.6 68.8 69.7

Baichuan (CSCLoRA)| 75.2 71.3 73.2 75.0 70.3 72.6

BERT 73.7 78.2 75.9 70.9 75.2 73.0

Soft-Masked BERT 73.7 73.2 73.5 66.7 66.2 66.4

MDCSpell 80.8 80.6 80.7 78.4 78.2 78.3

Spell GCN 74.8 80.7 7.7 72.1 7.7 75.9

SIGHANIS PLOME 774 | 815 | 794 | 753 | 793 | 772
ABC-Fusion 79.5 82.3 80.9 77.4 80.1 78.7

Qwen (CSCLoRA) 83.9 79.0 81.4 80.8 78.2 79.5

Baichuan (CSCLoRA)| 87.8 84.3 | 85.1 83.9 81.1 | 82.5

BERT™ 85.2 84.2 84.7 78.8 78.2 78.5

BERT-Corrector 87.1 86.1 86.6 80.9 80.1 80.5

Soft-Masked BERT 87.0 86.3 86.7 81.2 80.5 80.9

MCSCSet | MedBERT-Corrector 87.0 86.3 86.6 81.0 80.2 80.6
PLOME* 88.8 88.3 88.6 83.1 82.6 82.8

Qwen (CSCLoRA) 933 911 | 92.2 | 847 825 | 836

Baichuan (CSCLoRA)| 95.3 93.9 94.6 85.7 84.5 85.1

4.3. Main results. We used each of the three training sets described above and examined
the effects on the corresponding test sets. Our approach is a generic CSC method that
can be used for open-source LLMs, and for this purpose, two representative open-source
LLMs, Qwen and Baichuan, are selected to test the performance of the algorithm. Table
4 presents our experimental findings together with a comparison to earlier findings on the
same dataset. Based on the findings, we can note that

1) Both on the detection and correction tasks, our system performs much better than
the SOTA baseline method. The introduction of contrastive learning in LoRA allows our
method to better learn the key semantics needed for the CSC task and avoid overfitting
during training. For example, Baichuan’s experiments on the dataset SIGHAN showed
that the F1 scores improved by 2.6% and 4.2% in the detection task, and 3.7% and 3.8%
in the correction task, respectively. These outcomes show the effectiveness of CSCLoRA.

2) Previous studies have relied on a priori knowledge provided by experts and have
additionally input a variety of supplementary information during training and inference
to improve correction performance. For example, SpellGCN and ABC-Fusion construct
confusing sets based on character similarity, while MDCSpell and PLOME utilize mul-
timodal information and expert rule-based data augmentation. Unlike these approaches,
CSCLoRA does not require any a priori knowledge; instead, competitive performance is
obtained by introducing contrastive learning, mining the original semantic knowledge in
the pre-trained LLM, and migrating it to the downstream CSC task.
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3) The experimental results on MCSCSet also indirectly confirm the idea in 2). Even if
the open domain is replaced with the medical domain as the target domain, our approach
still operates fairly well. This is due to the large amount of knowledge acquired by LLM
during the pre-training process, and also since our adaptive method is free from the depen-
dence on a priori knowledge. Other methods, however, are misled by low-frequency errors
or lack of relevant domain knowledge, resulting in performance degradation. MedBERT-
Corrector uses data containing medical domain knowledge for pre-training, but its cor-
rection task’s F1 performance is 4.5% lower than that of our method. This indicates that
the error correction task benefits less from vertical domain semantic knowledge and that,
to help the model avoid being misled by the semantics of erroneous characters during the
prediction process, contrastive learning should be used to introduce the full semantics of
correct sentences during error correction training.

4.4. Ablation study and discussions.

Ablation Study. To validate the effects of contrastive learning and masked alignment
mechanisms on model performance, we conducted an ablation study. Our CSCLoRA
requires the addition of adapters for the positions W, and W,. In this ablation study,
we will cancel the contrastive learning loss at the specified location, which is equivalent
to the adapter at that location being trained according to the traditional LoRA. Table
5 shows the inference performance of our model on two datasets with different settings.
We found several things.

1) Even if only a portion of the comparison learning module is retained, it allows
for a large improvement in model performance relative to the base LoRA method. This
implies that introducing semantic representations of correct utterances into training via
contrastive learning is crucial for the CSC task.

2) Contrastive learning for both W, and W, contributes roughly the same inference
performance; after all, both are part of the multi-head attention module. However, we
also notice that removing the contrastive learning of W, always loses more performance,
which stems from the fact that Wy, is a splicing matrix of Q, K, and V, which has a

TABLE 5. Ablation study of contrastive learning and masked alignment
mechanism introduced in CSCLoRA based on Baichuan-13B. -W, or -W,,
means that the linear layer at the corresponding position does not com-
pute the contrastive learning loss. -Alignment means that instead of masked
alignment each token of the input text is directly compared one-to-one for
contrastive learning.

Dataset Model Detection Correction
Prec. (%)|Rec. (%) |F1 (%) |Prec. (%) |Rec. (%) |F1 (%)

LoRA 65.6 68.1 66.8 63.1 65.5 64.3

CSCLoRA 75.2 71.3 73.2 75.0 70.3 72.6

SIGHAN14|  -Wiaek 71.5 68.8 70.1 71.0 67.8 69.4
-W, 72.8 69.5 71.1 72.9 67.6 70.7

-Alignment| 694 65.5 67.4 65.8 62.2 64.0

LoRA 70.4 87.8 78.2 68.1 76.9 72.3

CSCLoRA 87.8 84.3 85.1 83.9 81.1 82.5

SIGHAN15 |  -Wpaek 83.2 80.8 82.0 78.2 76.5 77.3
-W, 84.6 81.7 82.6 80.6 76.9 78.6

-Alignment | T4.7 78.7 76.7 68.3 72.6 70.4
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greater impact on the distribution in the attention matrix, and the attention to the key
subwords in turn has a direct impact on the effect of error detection and correction.

3) With the removal of the masked alignment mechanism, contrastive learning loses its
effect almost completely, and the performance of CSCLoRA is not much different from
LoRA. Although some tokens are not aligned due to the different expressions of correct and
incorrect texts, some tokens are aligned, and even some of the parallel corpus are aligned
one to one after tokenized, such as the negative samples in the dataset (with consistent
inputs and outputs). In this case, the negative benefit due to partially misaligned tokens
offsets the positive benefit gained from correct contrastive learning training with aligned
tokens.

Impact of the rank r. We study the effect of rank r on model performance and the
results are shown in Table 6. It can be seen that the performance of the model reaches
its maximum value after r is greater than 4. Surprisingly even with r = 1 the model still
has quite a high performance. This is in line with LoRA’s assumption that the adapter
matrix AW may have a very small “intrinsic rank” and that a small rank chosen by the
adaptive module is sufficient.

TABLE 6. The F1 (%) of the error correction model trained with different
ranks r on the test set

r
1 2 4 8 16

Detection | 72.1|72.3|73.0|73.2|73.1
Correction | 71.8 | 72.4 | 72.6 | 72.6 | 72.6
Detection | 84.5 | 84.7 | 85.2 | 85.1 | 84.9
Correction | 81.7 | 82.0 | 82.4 | 82.5 | 82.4

Dataset Task

SIGHAN14

SIGHAN15

Case Studies. Table 7 presents three samples chosen from the test set to illustrate
the efficacy of our targeted enhancements to LoRA. These examples demonstrate how
contrastive learning helps the model learn to mine the correlation between the words
that have spelling errors and the correct words, thereby removing noise from the model’s
semantic understanding of the input utterances.

1) While LoRA detects two errors in the SIGHAN14 example, it only fixes one error
that contains two characters. This is because the more characters there are in a row of
errors, the harder it is for the model to understand the semantics of the input text and thus
give up on correcting that part of the text. Contrastive learning facilitates the model’s
understanding of the character changes brought about by common errors, enabling the
model to comprehend the general semantics of the input text that contains errors.

2) In SIGHAN15’s example, LoRA does not correct the misspelled character, even
though it is pronounced the same as the correct character. Associations between candidate
words are easy for humans but not often so for models, which are confronted with a
somewhat cleaned standard corpus during pre-training. Our approach complements this
training in associative relations to some extent.

3) The examples in MCSCSet involve medical expertise. The model obtained from LoRA
training checked for errors but did not modify them correctly. However, when we masked
out the misspelled words and handed them directly to the model for prediction, the model
output the correct characters. This demonstrates that while misspelled characters provide
information on phonetic proximity to help inference, their own semantic information also
interferes with the model’s inference. Our approach avoids the above problem by forc-
ing the model to approximate the semantic representations of the incorrect and correct
characters during training.
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TABLE 7. In three instances taken from various datasets, CSCLoRA out-
performs LoRA by a significant margin.

EECEZINEUNENIE. FO 23R IR K (E I NEUN

tnput s g gt

T AR 2 AN E AR & W K BE e, fEEN R AR Z A A
TE ReAT

However, many foreigners love to sunbathe on the beach, and

there are many foreigners traveling in Indonesia.

AR AR Z AN E NAR SR SRR, EHEAIRZ INE A

SIGHAN14| Translation

LoRA e 47
sCLopa | ERZ AN N WA e, AEET e A R AT
ORA | s 47

Input  [fAR/DEE (zuo )TEiE £t
Target |[fl1R/D 44 (zuo) iz F: I,
SIGHANT15| Translation|He rarely takes the MRT for fun.
LoRA  |fAR /> JE (zuo i is F It
CSCLoRA | ftfR /44 (zuo)Ht iz 2 bt
Input |5 £ (jing ) A J5 HE R 1) 772
Target |5 (jing) e A J5 HE PRI 515
MCSCSet | Translation|Methods of urine voiding exercise after cervical cancer surgery
LoRA & % (jin e A o HE PRI B 712
CSCLoRA | E i (jing)Ji A J5 HF PRk 1) 7 1%

5. Conclusion. In this paper, we design a novel parameter-efficient fine-tuning method
for CSC tasks, which enables LLMs to achieve competitive performance at an acceptable
training cost by designing contrast learning and masking alignment mechanisms. Our
training method does not need to rely on external knowledge and components, can adap-
tively extract key semantics for open-source LLMs trained on CSC tasks, and avoids the
overfitting phenomenon caused by too many parameters through layer-by-layer learning.
Through extensive experiments, we demonstrate the effectiveness and practicality of our
approach. We plan to explore multi-dimensional learning methods for more modules in
LLM in the next step, and how to better generate teacher representations used as positive
samples to further improve the performance of the model. In addition, we will investigate
whether our core ideas are equally applicable to other NLP downstream tasks.
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